Abstract-In the current time of globalization, collaboration among people in virtual environments is becoming an important precondition of success. This trend is reflected also in the educational domain where students collaborate in various short-term groups created repetitively but changing in each round (e.g. in MOOCs). Students in these kind of dynamic groups quite often encounter various difficulties, which are obvious mainly when students' characteristics do not complement each other. In spite of various group formation methods aimed to solve the group compatibility problem, most of the existing approaches do not consider dynamic groups. We describe (i) a proposal of a novel group formation method based on Group Technology approach, which considers feedback on students' collaboration to improve group formations; (ii) an application of the method as a part of a collaborative platform PopCorm, which provides students in the created groups with a set of real-time collaboration tools; (iii) a long-term experiment in which the groups created by our method achieved significantly better results in comparison with the reference approaches. Our results indicate that considering feedback from students' collaboration can improve the group formation process as the groups created by our method achieved higher collaboration quality with next iterations.
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INTRODUCTION
I N the recent years, collaboration among people became an integral and essential part of the web. Users collaborate and communicate in different kinds of communities and groups across different domains. This trend is present also in educational systems where collaboration is commonly employed not only to share and learn new knowledge but also to develop students' soft skills (e.g. communication skills, selfreflection and self-regulation). Especially, the research area of Computer-Supported Collaborative Learning (CSCL) studies how to effectively link together fast advance in computer science with collaborative learning in small groups [1] .
The rising popularity of web-based learning systems caused that many students with different characteristics, skills and aims are supposed to collaborate on common tasks. From one point of view, this diversity has a beneficial effect on creative and successful collaboration. On the other hand, personal differences do not have to be compatible with each other and consequently students' collaboration is not very successful in many cases.
Therefore, collaboration support plays an important role to face this problem. This support is especially substantial during a group's creation process which can significantly influence following collaboration. Thus for effective students' collaboration, we have to solve a challenging task how to successfully identify study groups and help students to find appropriate collaborators [2] .
There exist several methods which solve a group formation problem in the educational domain. The significant part of these methods focuses on long-term groups which collaborate on complex tasks during several days or even weeks. Another part of existing methods is aimed to propose short-term groups but they usually consider only a single assignment of students into groups ignoring following collaboration.
The main subject of our research are dynamic groups in which members collaborate on short-term tasks and they are repetitively assigned to groups whose composition differs in each round. This kind of dynamic groups appears especially in online learning systems, in which students learn self-controlled and are not mutually synchronized, such as in Massive Open Online Courses (MOOCs), where: 1) Only limited information about students is available. 2) Rules for successful group creation are unknown or change significantly in time. 3) Groups need to be created ad-hoc and in real time while considering student's actual context and online presence. All these limitations cause that existing approaches are not very suitable to create dynamic groups. Therefore, the main contribution of this paper is a proposal of a novel method for dynamic (iterative) formation of small short-term and virtual study groups which is supposed to perform better under the given conditions. The proposed method is fundamentally based on its iterative application and on feedback provided by the evaluation of collaboration achieved in the created groups. Following analysis of the existing group formation methods and the requirements of educational context (i.e. collaborative solving of short tasks that exercise primarily new topics), we decided to base the design of our method on the Group Technology approach.
Any such method cannot exist without its application in a real collaborative environment. For this reason, we paid attention to the design and implementation of the collaborative environment too. We introduce a collaborative platform named PopCorm that serves two purposes: 1) as an example how to implement the approach within a learning environment, and 2) as a tool to be used for the method's validation. We are aware of a gap between fast growing collaboration software and its real application in the field of CSCL [3] . PopCorm represents an innovative learning environment with a set of real-time collaboration tools. These tools are based on the latest web technologies and represent an important source of automatically collected feedback to the proposed group formation method.
The paper is organized as follows: we describe group development models with focus on lifecycle phases which are present in dynamic groups in Section 2. Section 3 presents two models of collaboration support: scripting and collaboration management model. Our proposed method is introduced in Section 4. We describe its application in the learning environment PopCorm in Section 5 together with a description of performed experiments in Section 6. Finally, conclusions are proposed in Section 7.
GROUP DEVELOPMENTS IN ONLINE ENVIRONMENT
The basic concept of CSCL is collaboration which takes place in more or less explicitly defined groups. This collaboration is not performed in one consistent phase. Actually, groups are creating, developing and finally closing. This process can be described as a lifecycle of small groups. Groups' effectiveness and successfulness depends on different circumstances during entire groups' lifecycle [4] . A lot of various models of groups' lifecycle exist. One of the most cited and the most analyzed one is Tuckman's small group development model. In 1965, Tuckman [5] proposed a model with four stages of group development: forming, storming, norming and performing. Later, in 1977, Tuckman and Jensen [6] reviewed the original model and added a final stage called adjourning.
Tuckman's model has been already successfully applied to localized long-term study groups (e.g. [7] ), but it is not very suitable for groups in online environments which we are interested in. The main reason is that the purpose of stages storming and norming is to build up strong relationships and a common collaboration plan. However, while these attributes play an important role in long-term groups, distributed groups (e.g. those created in various MOOCs) involve students with more loosely tied relations as well as dynamic groups usually do not solve tasks that require a complex planning. Nevertheless, Tuckman's model becomes the base for many other specialized groups' lifecycle models. One of them is group development model proposed by Daradoumis et al. [4] , [8] , which was proposed especially for needs of collaborative learning and working in virtual long-term groups.
The main focus of our research is, however, to support short-term virtual groups. These groups exist only for a very short time (usually less than one hour) and thus their lifecycle is simplified in comparison with long-term groups. The phase of productive performing follows immediately after finishing the group formation process. After achieving the group's goal, the short phase of group closing can appear (see Fig. 1 ).
Group Formation
The main goal of the first stage of group development is to solve a problem how to assign students to groups. The traditional approaches to solve this problem are to select students randomly, let students group by themselves or group them manually by a teacher [9] . These approaches, however, have quite substantial disadvantages.
Randomly selected groups can be highly unbalanced what can likely lead to an ineffective composition of groups. Moreover, the random selection ignores any suggestions what a successful group should look like.
The second possibility is to shift the responsibility for group creation to students. Some researches indicate serious problems when the group formation process was managed by students themselves (e.g. [10] ). Students tend to create homogenous groups on the basis of existing social relationships or their knowledge level (i.e. good student with other good ones). This trend prevents spreading of knowledge and ideas between students in new social communities. Another problem can be caused by minority students. If they are isolated in groups, this isolation can contribute to more intensive feeling of loneliness which can finally cause their inactivity. Daradoumis et al. [4] in their experiment conclude that 21 out of 138 students in total were not able to find and join any group. By evaluation of questionnaires at the end of the experiment, authors identified the source of this problem. The students did not realize the importance of the group formation process or they became involved in this process very lately.
Finally, a teacher can manually assigns students into groups according to information known about students. A teacher can approach this task intuitively and join together those students whose combination he or she believes can Fig. 1 . Comparison of small group development models: (a) the referential Tuckman's model of long-term localized groups [6] ; (b) model of long-term virtual groups proposed by Daradoumis et al. [4] , [8] and (c) the adaptation of previous two models to short-term virtual groups.
lead to active collaboration. This kind of manual group formation can be very difficult and time-consuming [11] , especially for a big amount of students or in a case when a teacher does not know students well. In addition, the complexity of this approach increases when we create heterogeneous or mixed groups where the count of all possible group assignments can be really high [12] .
In order to create better study groups, automatic computer-supported methods are proposed. This leads to several important advantages. Especially, it is possible to consider a large amount of information even from very different sources. Group creation can be performed very fast and anytime on demand by students or a learning system itself. Computer support also allows creation of anonymous groups in which members do not know their identity.
We identified a big amount of various educational group formation methods. We propose a categorization of different approaches according to the most important attributes of these methods (see Fig. 2 ).
According to students' involvement. Some methods involve students' participation in the group formation process (e.g. [13] ). Students are asked to specify their personal characteristics (e.g. interests or self-evaluated level of knowledge) or preferences (e.g. group or task preferences). Consequently, group formation methods can take advantage of these students' inputs and propose more suitable groups. On the other hand, this approach has several notable disadvantages, such as students may not wish to spend an additional time with filling questionnaires (especially in the case of short-term collaboration). In addition, self-evaluated characteristics can be significantly skewed due to a natural trait of subjective rating.
Another option is that the group formation process can be performed without any active participation of students. In this case, the group formation process usually consists of three steps: initiating a group formation process by a teacher or a learning environment, identifying peer learners who fulfill requirements for participating in the group and negotiating with potential participants [14] . All three steps can be supported by adaptive educational systems.
According to formation frequency. Nonrecurring methods for group formation produce a single assignment of students into groups and thus, these methods usually do not consider their following development.
As an opposite to this approach, iterative methods suppose that group formation will repeat in several following rounds, and therefore, they can take into consideration feedback from the previous students' assignments.
According to types of methods. One of the most used approaches employed in automatic group formation methods is a constraint-based approach in which group formation can be viewed as a constraint satisfactory problem. Students' characteristics together with constraints for group assignments are commonly defined by means of Semantic Web technologies, especially ontologies (e.g. FOAF ontology employed in the approach proposed by [11] ). The main disadvantage of these methods is the assumption that a teacher can determine which constraints influence collaboration and make it more effective in all possible situations. However, the current state of the research does not provide a clear answer to this question.
Another type of methods for group formation is numerical methods that do not require exact rules for students' assignments into groups in comparison with constraintbased methods. Students' characteristics are usually represented by an n-dimensional vector where a value in each dimension corresponds to the strength of the particular student's attribute. Two students can be compared by calculating a difference between values of their vectors. This approach allows us to employ any existing technique of clustering for the group formation purpose. Due to datadriven nature of numerical methods, they are successfully applied also in learning environments where education is unstructured and we do not have enough information about students and the educational domain (e.g. [15] ).
According to characteristics. Last but not least, group formation methods employ different students' characteristics which are used to propose a group composition. Widely used are learning styles (e.g. Felder-Silverman learning styles model), knowledge levels, personality traits (e.g. personality dimensions according to the well-known NEO-FFI questionnaire) or preferences (e.g. a familiarity with other students) [16] .
Discussion. Computer-supported group formation methods are able to outperform traditional methods since they are able to consider more extensive amounts of input data. Existing methods consider various sources of students' characteristics, such as questionnaires, social networks, wikis or blogs. However, most of these methods do not consider important feedback from subsequent collaboration (e.g. quality of achieved collaboration). We suppose that this feedback has a potential to significantly improve the group formation process. In addition, most of existing methods assume that it is possible to decide in advance for all cases which aspects make collaboration really effective and successful. However, this information is not well known in the current state of the research.
Group Performing
Group performing is the next important stage of dynamic groups' lifecycle because creating appropriate groups itself is not a guarantee of successful and effective collaboration. Therefore, it is necessary to supply students also with a suitable learning environment which supports collaborative activities by an appropriate computer-based assistance. In order to facilitate collaborative learning, number of tools and functions have been designed and applied in various learning environments so far. They can be classified into five categories [17] .
Appropriate means for dialogue and action. Tools for dialogue and action represent the most important part of each learning environment. These tools, also termed as groupware, represent the main means for learners in their collaborative activities. They can be divided into two main categories: communication (e.g. an email, a chat) and interaction tools (e.g. a text or a graphical editor). Communication tools are dedicated to supporting activities (e.g. negotiating, decision making, or task management). Interaction tools are designated to solve the collaborative task itself and thus their suitability greatly depends on a particular task. Interaction as well as communication tools can support asynchronous or synchronous mode of collaboration.
Functions for supporting students' self-regulation or guidance. Besides collaborative communication and interaction tools, it is important to provide students with tools for their selfregulation or guidance. If a learning system presents appropriate visualizations of students' collaborative activities, students' have a possibility to develop their self-regulation and communication skills and thus improve their following collaboration. In addition, a learning system can behave as a tutor that actively guides students towards the appropriate learning activity (e.g. [18] ).
Functions for workspace awareness. Creating awareness about activities of other users in the shared workspace is essential for achieving effective collaboration. Workspace awareness is defined as "the up-to-the moment understanding of other users' interaction with the shared workspace" [19] . The example of a workspace awareness tool is a participant list with online presence or a position of other participants' text-cursor (e.g. in Google Docs).
Functions related to community level management. Besides workspace awareness, it is essential to supply learners also with tools and functions for management of activities and materials produced amongst whole community [17] . This requirement leads to creation of various management tools above learning materials and a community itself (e.g. repositories of learning materials).
Facilities related to teachers' assistance. Last but not least, learning environments applied in formal or non-formal learning settings contain facilities which support teacher's or instructor's assistance. The precondition for providing assistance to learners is an overview about activities currently performed in a learning environment. A teacher can benefit from individual, collaborative and even comparative information based on analysis of all interactions [17] . Quite significant part of the research in Technology Enhanced Learning (TEL) is concerned with learning analytics aiming to provide teachers as well as students with appropriate information about their collaboration. Results of learning analytics are usually presented by different kinds of visualizations or dashboards.
Discussion. Collaboration and its effectiveness substantially depends on available tools and functions. However, despite rapid development of collaborative tools outside the educational domain, learning systems only very slowly adapt modern techniques (e.g. real-time collaboration).
Group Closing
The lifecycle of short-term virtual groups can sometimes consist of the third phase which is group closing. It is a very short stage during which members of a particular group have a possibility to review the achieved solution and collectively confirm the completion of the task being solved. During group closing, students usually use for negotiation the same standard communication tools, which are employed during the group performing phase.
COLLABORATIVE LEARNING SUPPORT
Despite many studies (e.g. [20] ), which confirm that collaborative learning correlates with a wide range of positive outcomes (e.g. improved learning, increased productivity, higher motivation), collaborative learning does not work automatically for all learners [21] . This is especially true for short-term groups in which members have not cooperated before and their individual goals are predominant [22] . Therefore, it is important to provide students with educational support during whole groups' lifecycle which is referred as to scaffold collaboration.
Particular methods to provide educational support can be based on various underlying collaboration scaffolding models. In general, there are two main complementary approaches [23] : by structuring the collaborative process (commonly by scripting) or by regulating (as widely used collaboration management model does).
Scripting
Methods based on scripting are mostly employed in the CSCL domain during learning process where unconstrained collaboration does not lead to expected results. A collaboration script is a predefined set of instructions prescribing particular phases of collaboration, e.g. how students should form groups, how they should interact and how they should solve an assigned problem [23] . Scripting can occur at different levels of granularity [24] : 1) Macro-scripts are high-level models, which describe a sequence of activities performed by users who play usually different roles.
2) Micro-scripts are dialogue models which are directly embedded in collaborative environments. Scripting was confirmed as a promising approach of scaffolding collaboration which results in improved learning [25] . However, at the same time, scripting is criticized for restricting users' freedom and independence. This phenomenon is called over-scripting [23] . Adaptive scripting methods were proposed to deal with this problem by definition of elements that can be easily adapted but without reducing the added value of the collaborative process [25] . These elements are called intrinsic. On the other side, extrinsic elements are those which cannot be adapted in any way (e.g. due to technological or pedagogical restrictions).
Collaboration Management Model
The concept of collaboration management model was introduced by [26] and was confirmed as a successful way how to scaffold collaborative learning [27] . In comparison to scripting, it is based on decisions made in run-time rather before collaboration begins. Collaboration management model refers to a simple process of continuous comparing a current state of collaboration with a desired state. This process consists of four phases (see Fig. 3 ):
1) The data collection phase involves observing students' interaction. User activities are recorded as logs which are stored for later processing. 2) In the second phase, obtained log records are processed to derive high-level variables called indicators. Afterwards, the current state of interaction is represented by a model of interaction, which consists of a set of indicators. These indicators represent any attribute of the collaboration process, such as an average time delay between activities. 3) In the next step, the acquired model of the current interaction is internally compared with a model representing the desired state of interaction. 4) And finally, if there are any discrepancies between the current and the ideal model of interaction, the system can advise or recommend users how to suppress this undesirable difference. Moreover, authors proposed a categorization of collaborative systems according to the number of phases of collaboration management which are performed: 1) Mirroring tools which only collect raw interaction data (phase 1); 2) Metacognitive tools which derive a model of interaction (phase 2) and optionally compare it with an ideal model (phase 3); 3) Guiding systems which advice how to improve collaboration (phase 4).
Towards Dynamic Group Formation
As the lifecycle of dynamic groups omits the warm-up phases (i.e. the storming and norming phase as described in Tuckman's model or the consolidation phase introduced in the model proposed by Daradoumis et al.) , the composition of dynamic groups has a very strong influence on following collaboration. Therefore our main intent is to scaffold students' collaboration primarily by means of the group formation phase. We combine the concepts of both scaffold models, scripting as well as collaboration management model, to provide dynamic groups with a complex collaborative environment which supports learning by means of adaptive group formation. The core of this environment is a group formation method which we describe in the following section.
DYNAMIC GROUP FORMATIONS
According to the state of the art in computer-supported group formation techniques, we identified several drawbacks of the existing methods which cause that these methods are not very suitable to create dynamic groups that are created on demand while various domain-specific restrictions have to be considered (e.g. to involve only those students who are currently online). The existing methods commonly do not consider results achieved by the created groups; rely on well-specified rules how to create successful and effective groups; and are too static to be employed in online and dynamic environments. Moreover, they mostly produce only a single partition of all students into groups which is not suitable to create dynamic groups. Following this motivation, we introduce a method [28] which is designed to meet three requirements:
1) Feedback from the previous collaboration activities needs to be taken into account.
2) The method has to continuously learn how successful groups should be created. 3) The method has to create groups in real-time and students have to be served fast. The last requirement means that as soon as students finish solving a task in a group, the achieved results must be reflected immediately in the following group proposals.
With the reference on the proposed categorization of computer-supported group formation methods (Section 2.1), the proposed method does not involve students in the group formation process, belongs to the group of iterative and numerical approaches, and is independent on particular characteristics.
Problem Formalization
The main goal of our method is to propose study groups by finding compatible learners on the basis of their individual characteristic. We consider learners' characteristics as compatible when their combination leads to positive outcomes (e.g. high and low level of knowledge about a particular domain topic).
Input data to the proposed method are composed of two matrices: 1) a matrix of characteristics' compatibility and 2) a matrix of assignments of the characteristics to students (see Fig. 4 ).
The matrix of characteristics' compatibility is defined as follows. Let C be the set of all characteristics C ¼ fc j g; j ¼ 1; 2; . . . ; n. Every characteristic is represented by an ndimensional vector c j ¼ ðc The matrix of assignments of characteristics to students is defined as follows. Let L be the set of all learners L ¼ fl k g; k ¼ 1; 2; . . . ; m. Every learner is represented by an n-dimensional vector l k ¼ ðl The expected output data from the method are clusters of compatible students. A particular study group can be created with any combination of students from the same cluster. The specific combination and the number of students depends on domain-specific preferences. It means that besides characteristics' compatibility, we can take into consideration any preferences and suggestions how groups should be formed-it is possible to utilize: 1) previous group assignments (e.g. combine only students who have not collaborated together so far or on the other side preserve group stability to avoid too many group switches); 2) knowledge which is necessary to solve the assigned task (e.g. create a group where all required roles are present); or 3) technology-specific preferences (e.g. involve only those students who are currently online).
After the group finishes solving of the assigned task, collaboration and the achieved results are evaluated. Each combination between characteristics present in the group is strengthened according to the achieved evaluation. It means that the better students' collaboration was the more compatible the characteristics are.
In addition, some students' collaborative characteristics (e.g. those that describe collaborative behavior) can be automatically derived from group interaction, too. Therefore, it is possible to consider student's activities to update the matrix of assignments of characteristics to students. The precondition is that there is a technique how to automatically analyze students' collaboration and identify expressions of these characteristics (e.g. by means of learning analytics or sentence openers as we propose in Section 5.1).
The input matrices may be filled in various ways, such as by questionnaires, external sources (e.g. academic information systems, social networks) or existing user models. However, since the method is fundamentally driven by feedback from group interaction, its true power is that the input matrices do not have to be known at the beginning of collaboration at all. The cold start problem can be solved by the random composition of the first groups. Consequently, both matrices are continuously learned and improved by means of returned feedback. Moreover, this approach enables the required adaptation to changing conditions under which groups achieve positive results.
Group Technology Approach
Recently, many methods and techniques developed for various domains were applied to group formation in the educational domain, e.g. genetic algorithms [29] , particle swarm optimization [30] or ontologies [11] . On the basis of the stated requirements on the proposed method, we decided to employ Group Technology approach. Fig. 4 . Schema of the proposed method. An input to the method consists of two matrices: a matrix of assignments of characteristics to students and a matrix of characteristics' compatibility. An output from the method consist of clusters of compatible students.
According to Selim et al. [31] , Group Technology (GT) is an approach to manufacturing and engineering management that helps manage diversity by capitalizing on underlying similarities in products and activities. The main task in GT approach is so-called Cellular Manufacturing problem, which is inspired by the design of optimal distribution of machines which cooperate on production of a set of parts' families. It is necessary to identify families of similar parts and machines to solve the problem of optimal distribution of cooperating machines. This process is called cell formation. In other words, groups of machines should be located in the close proximity in order to produce a particular family of similar parts and thus minimize the production and transfer time [32] .
Group Technology approach seems to solve a similar problem as we have. Analogy between domain entities can be easily found. It is possible to replace a machine with a student, a part with a characteristic, an assignment of parts to the machine with an assignment of characteristics to the student, and a family of similar parts with a set of compatible characteristics. Moreover, we can find this analogy also in goals; instead of optimizing a machine production we need to optimize a group composition.
Several works employing Group Technology approach in the CSCL domain exist. Pollalis et al. [33] proposed a method for learning objects' recommendation to study groups according to students' knowledge of domain terms. Two input matrices were used. The first one represented students' knowledge; the second one represented similarity or mutual dependency of domain terms which was derived from common occurrence in the same learning object. The output was clusters of students and learning objects which were suitable for these students to learn.
Similar approach is described in [32] and [34] . The main goal of this research was to identify sets of students which use similar strategies to solve mathematical exercises. Similarly to the previous work, two matrices were calculated: the dynamic matrix representing an assignment of strategies to students and the static matrix representing mutual similarity of strategies. The output was clusters of students and assigned groups of strategies. The identified clusters are used to assign a new task to a particular group of students according to strategies familiar to the members of the group and suitable to solve this task as well.
As opposed to the previous two works, Agust ın-Blas et al. [35] considered only one matrix. This matrix represented teachers and subjects they teach. A hybrid grouping genetic algorithm was used to identify groups of similar subjects.
The described works document achieving interesting results in the experiments with the methods based on GT approach in the educational domain. It supports that GT can be applied in the educational domain and support effective education in spite of its technological background.
Group Formation Based on Group Technology
Our dynamic group formation process represents a standard cell formation problem as described in Section 4.2. Several approaches to solve the problem of cell formation are described in [31] . The most appropriate for our goal are procedures based on cluster analysis, especially array-based clustering techniques. In the proposed method, the calculation is performed in several steps: Calculation of similarity and relevance coefficients. Similarity (SC) and relevance coefficients (RC) are defined with these three values. Similarity coefficient is actually well-known Jaccard coefficient and represents how the user is related to the characteristic. On the other hand, relevance coefficient expresses how well the characteristic is compatible with characteristics which the user already has.
Creation Group Compatibility Matrix. By means of similarity and relevance coefficients, Group Compatibility Matrix, GCM ¼ ða ij Þ; i 2 ½1; n; j 2 ½1; m, is calculated as:
Values u SC ; u RC 2 0; 1 represent minimal thresholds for similarity and relevance coefficient. Algorithm starts with thresholds set to 1 and continuously decreases them until a valid GCM matrix is found. The GCM matrix is valid when each student has at least one assigned characteristic.
Clustering on Group Compatibility Matrix. Finally, it is necessary to perform clustering on the GCM matrix with any array-based clustering algorithm. For our purpose, Modified Rank Order Clustering (MODROC) was used. Output data from our method is the GCM matrix in which the clusters of students and the characteristics are concentrated along the main diagonal (see Table 1 ). An assignment of a student to a cluster means that the student has these characteristics or these characteristics are compatible with characteristics which are typical for the student. Identified clusters of students represent the required output of the proposed method.
Extension of Group Formation Method
It is possible to extend the proposed method by consideration of several categories of characteristics, e.g. the first category can represent demographic information about students (e.g. age, gender) and the second one can represent collaborative characteristics (e.g. argumentation and reaching consensus).
The separate matrix of characteristics' compatibility is used for each category of relevant characteristics and our method is applied on each matrix individually. As the result, several GCM matrices are obtained and thus each student is assigned to as many clusters of students and characteristics as the number of characteristics' categories is. It means that we can combine these clusters to create even more appropriate groups. Similarly as in the basic version of the method, specific way how to combine clusters depends on particular categories of characteristics and domain specific requirements. An example of students' assignment to several clusters of students and characteristics is displayed in Table 2 . If we receive a request to assign the student l 1 to a new group, we can for example: 1) Focus on student's actual context in the learning system and use those clusters of students and characteristics which are relevant to his or her actual context, i.e. if the student l 1 is reading a learning object about design patterns, we can use a combination of specialization and knowledge of programming languages. We will achieve that students in the created group will be able to talk about applying design patterns in the well-known domain (web applications or DB systems) and in the familiar programming language (Ruby). 2) Another possibility is to create a new group without focus on the particular category of related categories. We can consider only those students who have common all categories of characteristics with student l 1 (l 6 ) or at least two categories (l 3 , l 6 , l 7 ).
COLLABORATIVE ENVIRONMENT FOR DYNAMIC GROUP FORMATION
As we stated before, the proposed method is the core part of our collaborative environment. The design of collaborative environment is, however, substantially domain specific. We decided to apply our method in the formal learning settings in which students assigned into dynamic groups solve short-term practical tasks that supplement a one-term class, which is held at a university. More specifically, we situate the collaborative environment into context of a class dedicated to the basics of software engineering. We implemented this kind of collaborative environment as a collaborative platform named PopCorm (Popular Collaborative Platform).
Guiding System Based on Micro-scripts
According to the analyses of the most common approaches to scaffolding collaboration (see Section 3), we designed collaborative platform PopCorm as a guiding system which capitalizes on the positive effects of micro-scripting. Collect interaction data. Current information technologies are able to capture students' overall interaction quite precisely. However, it is possible to automatically capture interaction only on a very low-level (e.g. a plain text of a message sent in a chat). To describe interaction better, there are several approaches which include natural language processing (e.g. sentiment analyses) or data mining (e.g. categorization or sequential pattern mining). However, it is not a trivial task to apply these approaches in collaborative learning environments because despite their significant improvement in the recent years, they are still limited in understanding and interpreting communication [36] .
Therefore, we decided to employ another solution which is to structure the collaborative interface by micro-scripting approaches, and more specifically by sentence openers. Sentence openers refer to a communication interface in which users select a beginning of a sentence (e.g. "I suggest to. . .") and complete the sentence with the rest of the message they would like to communicate with others.
These kind of micro-scripting techniques allow us to automatically describe interaction also on a high level. Moreover, groups, in which members communicate via a structured interface, show more intensive orientation on finding the solution in comparison with groups in which members communicate via an unstructured interface [37] . In addition, students by themselves tend to use a structured discussion (the experimental study performed in [37] shows that the structured messages represented about 58 percent of all sent messages). On the other hand, strictly structured communication interface can negatively influence collaboration, especially in cases when students need to communicate in a way which is not adequately supported by the provided interface (so called problem of over-scripting).
In PopCorm, we applied the sentence openers to structure communication among students by means of 16 types of messages selected according to McManus and Aiken's taxonomy of Collaborative Skill Network [38] . This taxonomy defines a set of sentence openers that correspond to conversation skills commonly used during collaborative learning and problem solving, such as propose a better solution, accept a proposal, ask for an explanation or provide an explanation. To solve the problem of too strictly structured interface (over-scripting), we decided to include also two additional types of messages: a general message and a comment, which can be used when students cannot assign their message to any of the predefined types. Construct model of interaction. Consequently, the captured interaction is used to derive the high-level variables describing the collaboration process. There are several models how to evaluate technology-mediated collaborative learning. Authors in [39] consider a multidimensional model proposed by [40] as the most representative one and refined this model to include seven indicators of collaboration quality which we adopted in the design of the collaborative platform: An overall evaluation of collaboration quality (OE) is calculated as a weighted arithmetical average (with strengthen teacher's evaluation of the achieved solution) from all eight indicators as follows:
Compare current state of interaction to desired state. The desired state of collaboration is represented by the indicators which values are equal to 1s. In other words, the desired state of evaluation is achieved when the overall evaluation reach value 1.
Advise/guide interaction. After finishing solving the tasks, the collaborative platform PopCorm provides students with visualizations of all eight indicators. In addition, it advises students how to collaborate better and more effectively if some of these indicators reach only very low values in comparison with the ideal state of collaboration.
Collaborative Tools and Functions
To provide students with an attractive system, we based PopCorm's implementation on several concepts wellknown from content creation tools (e.g. Google Docs), such as collaboration in real-time or a timeline of content evolution (for further information about PopCorm see [41] ). Moreover, PopCorm provides all functions and tools which are essential for effective and successful group performance (see Section 2.2). According to the requirements of the selected course, we have recognized the need to design one communication tool: a semi-structured discussion; and three interaction collaborative tools: a text editor, a graphical editor and a categorizer (see Fig. 5 ).
The semi-structured discussion represents a generic communication tool independent of the particular type of the task at hand. As the discussion represents a main tool for communication, it is based on the sentence openers approach (previously described in Section 5.1) and provides 18 types of messages, which we decided to use to structure the communication among students. The text editor as an interaction tool is suitable for collaborative writing of free text. It provides functionality for parallel editing of written text by several users at the same time together with the conflict resolution in the case when two users edit the same part of the text simultaneously. In addition, the text editor promotes students' authorship by colored text highlighting (each group member has assigned his or her unique color). We based the implementation of the text editor on the open source online editor Etherpad (http://etherpad.org).
The graphical editor provides the opportunity to collaborate visually by draft drawing, especially by designing UML diagrams. Its functionality covers drawing vector shapes, importing raster images and adding text notes. As well as the text editor, also the graphical editor was designed to support content synchronization in real time. It means that students can collaborate on the same drawing without any restrictions. In the implementation of the graphical editor, we proceeded from the drawing editor SVG-edit (https://code.google.com/p/svg-edit).
Last but not least, the categorizer is a special tool developed for solving different types of tasks that result in one or more lists (categories). The categorizer allows learners to create categories or items, move items from one category to another and reorder items in categories with a standard drag-and-drop technique.
Other tools provided by PopCorm include user online presence, students' profiles, administration, and student or class-wide statistics dedicated to teachers.
EXPERIMENTS
The collaborative platform PopCorm became the main means to evaluate the proposed method. We evaluated our method and the collaboration platform in two phases. First, we performed a qualitative experiment with several selected participants. Second, a quantitative experiment was conducted to evaluate the performance of dynamic groups on a wider audience of students.
Experimental Setup
During both experiments, PopCorm was integrated with an educational system ALEF [42] . ALEF is dedicated primary for individual learning and indirect collaboration. Indirect collaboration in ALEF includes text annotations (i.e. text highlighting, tagging, error reporting), supplementing learning materials with external sources or collective evaluation of test answers [43] . Therefore, students were able to use ALEF as a valuable source of information while solving collaborative tasks in PopCorm.
Characteristics. In the experiments, we used two categories of characteristics to illustrate the universal design of our method: collaborative skills and personality traits.
Collaborative skills refer to collaborative learning conversation skills defined in McManus and Aiken's Collaboration Skill Taxonomy. They can be automatically assigned to students according to the most used messages in the semi-structured discussion. The matrix of assignments of these characteristics to students was unknown at the beginning of the experiment and it was continuously learned. Similarly, the matrix of collaborative skills' compatibility was continuously updated according to the overall evaluation achieved in the created groups.
As personality traits we used assignments of students into five domains of adult personality: extraversion, neuroticism, conscientiousness, openness to experience and agreeableness. To obtain these assignments, students, who participated at the experiments, filled out NEO Five Factor Inventory (NEO-FFI) questionnaires which were evaluated by a team of psychologists. Some studies (e.g. [44] ) suggest which combinations of NEO-FFI personality dimensions lead to better study results. However, results of these studies are not very representative and thus we decided to derive personality traits' compatibility from feedback provided to the method similarly as in the case of collaborative skills.
Collaborative tasks were defined in a way that enables active participation of every group member. In our experiments, the tasks were created by a teacher. Alternatively, tasks can be created by students themselves. We used 70 collaborative tasks according to seven different types of tasks which are suitable for the domain of software engineering; nevertheless, they can be easily used also in a number of different domains: 
Qualitative Experiment
The purpose of the qualitative experiment was to evaluate attributes of the proposed method; namely, how well the proposed method is able to identify the clusters of compatible students and consider feedback from the created groups to learn both input matrices. In addition, the experiment was also an opportunity to get valuable comments on the implementation of the collaboration platform. Five participants in total took part in the qualitative experiment and solved 12 tasks. The proposed method was able to identify three clusters of students and collaborative characteristics at the end of the experiment (see Table 1 ). In addition, we received also important feedback that helped us to improve PopCorm before the quantitative experiment.
Quantitative Experiment
The second phase of our evaluation consisted of the quantitative experiment which was realized during the summer term 2011/2012 as a part of the bachelor degree course Principles of Software Engineering at the study programme Informatics, Slovak University of Technology in Bratislava.
Detailed statistics of the quantitative experiment are provided in Table 3 . The experiment lasted approximately two months. During this time, 110 students in total voluntary participated in 254 created groups and 3,763 activities were recorded. We found out that students were able to solve the prepared tasks in 11 min in average.
For both categories of characteristics, the performance of groups created using our method was compared with a reference method and a traditional approach (randomly created groups). As the reference method, we decided to use a numerical method based on k-means clustering. For purpose of the clustering, each student was represented by a vector of his or her assignments of characteristics.
Particular groups were created from online students either randomly or from the clusters that were derived from collaborative skills or personality traits as well as created by the proposed or reference method. A balanced mechanism was used to employ all combinations of methods and categories of characteristics equally. The group size was restricted to two or three members (triads were preferred when the sufficient number of students from the same cluster of compatible students were online at the same time).
Consequently, the most suitable task was assigned to the created group. Tasks that 1) have not been solved before by any member of the group; and 2) practice just lectured topics were preferred. As soon as students finished solving a task in one group, they were asked whether they wanted to continue in collaborative learning in another group (with a different composition).
For each type of groups, we compared the automatic evaluation of collaboration quality (by 7 high-level indicators described in Section 5.1), the teachers' manual evaluation of the created solution (the eighth high-level indicator) and the overall evaluation. The experiment was double-blinded so teachers as well as students were not informed about the method used to create the particular group.
As the results show (see Table 4 ), groups created by our method achieved more effective and successful collaboration in comparison with other two approaches in all three kinds of evaluation. In addition, the groups created by the proposed method achieved better evaluation for both categories of characteristics that have been used as inputs for the evaluated methods.
In general, the achieved evaluation of groups can be rated as satisfying in spite of the fact that the groups did not achieve the state of ideal collaboration (the overall evaluation and the partial evaluations should theoretically reach values 1, however, this value represents collaboration which can be hardly achieved in practice, e.g. all members would have to send exactly the same number of messages in the discussion).
We evaluated also students' subjective perception of collaboration. Students were asked to provide explicit feedback at a 5-point scale after finishing collaboration (1 means poor collaboration and 5 means excellent collaboration). When collaborative skills were considered, groups created by the proposed method achieved a notably higher feedback evaluation in comparison with other types of groups. For personality traits, higher feedback was achieved in the groups created by the reference method. This result can be explained by a fact that the groups created by the reference method were homogenous and also the previous study [44] confirmed that students tend to create homogenous groups on the basis of their personality traits (e.g. an extrovert with another extrovert).
A one-way ANOVA was employed to determine an effect of the group formation method on the groups' overall evaluation. When collaborative skills were considered, we got p-value 0.0028, Fð2; 251Þ ¼ 6:03, h 2 ¼ 0:046. Similarly, for personal traits we got p-value 0.0267, Fð2; 251Þ ¼ 3:677, h 2 ¼ 0:028. Thus, the achieved results reveal that the application of the particular group formation method leads to statistically significant difference in the overall evaluation with the moderate effect size. A post-hoc Tukey-Kramer test showed that the differences between the mean of overall evaluation of groups created by the proposed method and other two means are significantly different, while the difference between means of randomly and reference groups is not significant. Finally, we evaluated the iterative improvement of the proposed method during the experiment. In other words, we examined how well the proposed method was able to learn input matrices (the assignments of collaborative characteristics to students and mutual characteristics' compatibility) and thus improve group formation by utilizing provided feedback. A Pearson correlation between moving average of the overall evaluation (interval ¼ 5 groups) and the order of iteration (r ¼ 0:311, p ¼ 0:005) pointed out the increasing performance of the proposed group formation method (all experiment settings and circumstances remained stable for the whole time of the experiment).
Additional Analyses to Quantitative Experiment
The quantitative experiment provided us also with a possibility to gather valuable information about collaborative learning in the purely real-time learning environment which is still only very rare in the educational domain.
Students. First of all, we analyzed the degree of students' involvement in the experiment. The number of tasks solved during the experiment was generally diverse ( x ¼ 5, SD ¼ 4:72). Students with worse study results tend to solve more tasks than other students (r ¼ 0:29, p < 0:001). On the other hand, their average evaluation is lower than average evaluation of the groups with better students (r ¼ 0:25, p ¼ 0:001). We can explain this result by the influence of motivation. Students, who actively participated in the experiment and achieved the most successful results, were rewarded. Despite this undesired negative influence, it is important to see that the better students achieved the better average evaluation.
Groups. The collaborative platform created 208 groups consisting of two members, and 46 groups consisting of three members during the experiment. Triads achieved a higher average overall evaluation ( x ¼ 0:442, SD ¼ 0:109) in comparison with couples ( x ¼ 0:405, SD ¼ 0:125), however, this difference is statistically insignificant, ANOVA: Fð1;252Þ ¼ 3:411, p ¼ 0:0659, h 2 ¼ 0:0134. The higher evaluation rate was caused mainly by more intensive interaction which influences the high-level indicators of collaboration quality, such as argumentation and reaching consensus or time and task management.
Additionally, we evaluated a correlation between teachers' manual evaluation and other automatically calculated indicators. The highest correlation was calculated for fluidity of collaboration (r ¼ 0:35, p < 0:001), sustaining mutual understanding (r ¼ 0:18, p ¼ 0:002), argumentation and reaching consensus (r ¼ 0:18, p ¼ 0:002) and information exchanges for problem solving (r ¼ 0:16, p ¼ 0:005). We can derive several findings from these results. The more successful groups are those in which students are able to divide the assigned task into several partial problems and afterwards participate on their solving with approximately the same share. Furthermore, the quality of collaboration is also positively influenced by the content that is created to be clearly understandable by all group members. Especially, we positively judge the influence of argumentation and reaching consensus because students expressed their agreement and disagreement with the proposal of other group members. This fact is in the contrast with results of similar researches where students tend to avoid critical evaluation of other group members. However, creative conflict is considered as a very important aspect of successful collaborative learning [45] .
Activities. Finally, we were interested in a correlation between students' activities (messages in the semistructured discussion) and the quality of achieved results. We calculated the highest correlation between teachers' manual evaluation and following activities: write a praise (r ¼ 0:28, p < 0:001), propose an action (r ¼ 0:23, p < 0:001) and warn of a mistake (r ¼ 0:20, p < 0:001). Based on the calculation of how many students use the defined messages, we can derive additional interesting findings. As the most students used accept the proposed action (n ¼ 55), write a praise (n ¼ 47) and propose an action (n ¼ 40), the collaboration process and the achieved results are positively influenced by students' self-regulation. Students are able to independently manage their collaboration, warn other members about eventual imperfections of the created solution and thus improve the result of their collaboration. We positively evaluate also the finding that students are able to motivate themselves mutually by writing a praise for a well created contribution to the overall solution.
DISCUSSION AND CONCLUSION
Nowadays, collaboration between learners is present in many web-based educational applications. This trend causes that we have to face new challenges. One of them is a study group composition, which plays an important role as it can significantly influence the process of collaborative learning. In spite of many existing methods to group formation, there are a lot of unresearched possibilities how to improve collaboration. We focused on one of them, namely on how to create dynamic short-term groups iteratively and automatically without student participation.
Our main contribution is the proposal of the novel method for automatic formation of dynamic groups based on GT approach. In contrast to the existing methods for group formation based on GT approach, the proposed method is applied iteratively. This allows us to take into consideration already achieved students' results and adjust the input parameters to provide better support during following collaboration. It means that we can start the group formation process with no or minimal information about learners and related characteristics. Our method automatically learns which collaborative characteristics are typical for students and which characteristics should be combined together to achieve more effective collaboration. Due to this design, the proposed method can be characterized as a theory-free bottom-up approach.
We have successfully applied the proposed method in the collaborative platform PopCorm which provides students with the appropriate environment for effective communication and collaboration. It was also used as a tool to evaluate the proposed method during an experiment with 110 students. The results of the experiment show that the study groups created by the proposed method achieved the higher collaboration quality in comparison with the reference groups.
We identified many possibilities how to improve current design of the proposed method and its application in collaborative learning. We have not focused on task assignments to created groups in our work. It provides promising possibility how to further improve learners' collaboration because each group has different characteristics and different tasks are suitable in a particular moment of collaboration. Personalization of task assignment based on task's and group's attributes (e.g. knowledge of relevant domain terms which are necessary to achieve correct task solution) represents an interesting potential. Group recommendation principles can be employed here [46] .
The design of our method is quite universal (especially due to the independence on particular characteristics) and thus the method has a potential to be applied in informal learning settings (e.g. in workspace) and also outside of the educational domain. We plan to study how dynamic groups can support collaboration in knowledge sharing applications based on communities. More specifically, we are interested in Community Question Answering systems, such as Yahoo! Answers or Stack Overflow.
